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Tissue Array Section
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TMA Spot with MIB-1 (KI-67) Antigen

1 image for each patient
40x magnification
resolution of 0.25um

3000 x 3000 Pixels




From a qualitative to
a quantitative science

At the beginning of the 21st century pathology is
still a qualitative science.

It relies purely on subjective estimations by human
experts.

The goal is to lead pathology from a qualitative to
a quantitative science.

Machine learning and computer vision are enabling
technique to achieve this ambitious goal.
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What is the ,,Ground Truth?



Is there any ,,Ground Truth‘‘?






Generating a Gold Standard

TMA Estimator

TMA Annotator TMA Classifier
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Estimate the Staining on
a whole Spot

Certainly

Detect nuclei on a whole Classify single nuclei into
Spot tumor, non-tumor and stained,
not-stained



TMA Estimator

Labeling Tool

for Pathologists
on Tablet PC
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TMA Annotator
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TMA Annotator

11 2 pathologists
1 >2000 nuclei

1 15% detection mismatch
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TMA Classifier - Tumor
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TMA Classifier - Staining




Inter Pathologists Consensus
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randomly
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Intra Pathologist Evaluation
N

Original Flipped & Rotated

50 nuclei were repeated flipped and rotated to test the intra pathologist variability.



Intra Pathologist Confusion Matrix
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Modified

tumor 134 . 167

53/250

mismatches

benign . 63 83

154 g6 250

Baseline: Intra-Pathologists classification uncertainty of ~20%



Two Types of Pathologists
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Two Types of Pathologists
-

15 mismatches Q mismatches



Intra-Pathologist Agreement
—

5/5 pathologists agreed on +3
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Intra-Pathologist Mismatches
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Comp. Path. Framework
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Cell Nuclei Detection

Random Forest with 20 features per split.
Fast convergence.
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Non Maxima Suppression
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Mean Shift

o Detection Forests

with Circular Kernel

Format8bpplndexed done




Cell Nuclei Detection
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Comp. Path. Framework
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Comp. Path. Framework
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Estimation Distributions
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Comp. Path. Framework
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Survival Analysis

- (a) Pathologist | (b) Algorithm
p = 0.043 p = 0.026
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Survival Analysis
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